Abstract. In this paper, we propose a parallel multiobjective evolutionary algorithm called Parallel Criterion-based Partitioning MOEA (PCPMOEA), with an application to the Mutliobjective Knapsack Problem (MOKP). The suggested search strategy is based on a periodic partitioning of potentially efficient solutions, which are distributed to multiple multiobjective evolutionary algorithms (MOEAs). Each MOEA is dedicated to a sole objective, in which it combines both criterion-based and dominance-based approaches. The suggested algorithm addresses two main sub-objectives: minimizing the distance between the current non-dominated solutions and the ideal point, and ensuring the spread of the potentially efficient solutions. Experimental results are included, where we assess the performance of the suggested algorithm against the above mentioned sub-objectives, compared with state-of-the-art results using wellknown multi-objective metaheuristics.
Introduction
Multiobjective Optimization Problems (MOPs) involves several conflicting criteria, where any solution is qualified as optimal if it belongs to criteria trade-offs set called the Pareto front [30] . In other words, each Pareto optimal solution reaches a good tradeoff among these conflicting objectives: one objective cannot be improved without worsening any other objective [28] . The difficulty of multiobjective optimization lies in the absence of a total order relation which links all the solutions of the problem. In terms of evolutionary algorithms, this lack appears in the difficulty of conceiving a selection operation that assigns for each individual a probability of selection proportionally to the performance of that individual. Another drawback is the premature loss of diversity; hence the need to conceive techniques for maintaining diversity within the population. Against such problems one have to conceive algorithms that satisfies the following criteria [29] : the algorithm must converge towards the true Pareto front in a reasonable time, and it must also result diverse solutions on the front in order to have a good representative sample instead of focusing on an area of the objective space. A number of approaches (exact and heuristic) have been considered for solving MOPs, mainly, metaheuristics which have proven their ability to give good approximations. Among these methods, one of the most popular resorts for solving MOPs are Multiobjective Evolutionary Algorithms (MOEAs). The very early works on MOEAs were initiated by D. Schaffer (VEGA, [8] ), who is considered to be the first to design a MOEA during the 1980s. Since than, many successfull MOEAs has been proposed, see for exapmle: PAES [32] , NSGAII [6] , SPEA2 [7] , IBEA [26] , MOEA/D [41] , etc. The reader may find further details about early studies of MOEAs in [30] . The employment of MOEAs in Multiobjective Optimization (MOO) is often justified by their population based character, managing to achieve high quality approximations of Pareto optimal solutions.
On the other hand, For most MOPs, executing the generational cycle of standard MOEAs on large instances of the problem and/or on large sizes of population requires considerable resources in terms of computational time and memory [1] . Therefore, a variety of design and implementation difficulties are studied to construct more effective MOEAs. Overcoming these difficulties usually involve defining new operators, hybrid algorithms, and parallel models, etc. Hence, the parallelization of MOEAs emerges naturally when dealing with computationally expensive algorithms. However, parallelization of MOEAs aims not only to reduce computational time, but also to improve the quality of the approximated Pareto fronts, and increases the robustness of MOEAs against MOPs in both real life and theoretical research fields [1] . In this work, we employed the master/worker model, handling multiple MOEAs with different populations, and a separated "main" monitoring algorithm. Many pMOEAs of different models and implementations can be found in literature, for literature review, see [2] , [37] , [39] . However, in the following part we will briefly present some of the existing pMOEA using master/worker model and/or multiple search algorithms (MOEAs), partitioning either the search space or the objective space.
Related work. An early work on master/worker pMOEA named the Parallel Multi-Objective Genetic Algorithm (PMOGA) applied to eigenstructure assignment problems [31] . This algorithm launches multiple MOEAs using identical initial population and different decision-making logic (fitness assignment and selection operator), where each one is executed on a worker processor. The master uses the populations produced by workers to form final population [2] . An other master/worker pMOEA is applied to solve scheduling problems [35] , where two versions were implemented: heterogeneous and homogeneous populations. The first uses multiple subpopulations distributed for each objective function, while the heterogeneous subpopulations are Pareto-oriented. Furthermore, both versions utilize unidirectional migration flow by sending individuals to a separate main population [2] . We mention also the master/worker Parallel Single Front Genetic Algorithm (PSFGA) applied to several the benchmark functions [35] . This algorithm performs periodically the following tasks: it sorts the population according to the values of the objective functions, then it partitions it into subpopulations and send them to different processors, where a sequential multiobjective genetic algorithm (SFGA) is applied to each subpopulation [35] . In [22] , the authors propose an extended version of IBMOLS to a cooperative model with an application to the multiobjective Knapsack Problem. The suggested approaches uses a multipopulation based cooperative framework W -CMOLS, in which different subpopulations are executed independently with different configurations of IBMOLS. Furthermore, each subpopulation is focused on a specific part of the search space using a weighted versions of the epsilon indicator [22] . Finally, a hybrid swarm intelligence algorithm called Multi-objective Firefly Algorithm with Particle Swarm Optimization (MOFPA) applied to the multiobjective Knapsack Problem [5] . This algorithm combines the Firefly Algorithm (FA) and Particle Swarm Optimization (PSO), and it employs a tanh transfer function for the discretization of these algorithms; furthermore, it uses the epsilon dominance relation for managing the size of the external archive (an external non-dominated population) [5] .
In this paper, we propose a parallel multiobjective evolutionary algorithm designed in a master/worker model, we call it Parallel Criterion-based Partitioning MOEA (PCPMOEA). The proposed algorithm uses multiple MOEAs with a criterion-based selection operation, each one is dedicated to a sole objective function, while these algorithms are monitored by a master entity that periodically collects and partitions the current Pareto solutions according to their distribution in the objective space. The parts are used to update the current subpopulations of MOEAs. Experimental results are provided, where we used several benchmark instances of the multiobjective Knapsack Probkem, and compared PCPMOEA with some effective multiobjective evolutionary algorithms. This paper is organized as follows: in the next section, we recall some basic concepts of MOO, and the multiobjective Knapsack Problem. In section 3, we present a brief description of parallel MOEAs and its taxonomy. In section 4, we present the suggested parallel approach, with detailed functioning description. In section 5, we discuss the experimental results obtained from the suggested algorithm. Finally, in Section 5, we end the paper with the conclusion and our perspectives.
Background
Multiobjective Problems. The goal in Multiobjective Problems (MOPs) is to optimize simultaneously k objective functions. More formally, MOPs can be stated as follows [3] :
where Ω is the decision space, and x ∈ Ω is a decision vector (feasible solution). The vector Z(x) consists of k objective functions.
D i is the feasible objective space.
Very often, the objectives in MOPs contradict each other, there exists no point that maximizes all the objectives simultaneously. One has to balance them. Moreover, a tradeoffs solutions set can be defined in terms of Pareto optimality using the dominance relation.
Pareto optimality. Since the aim in MOPs is to find good compromises rather than a single solution as in single-objective optimization problems, we present the dominance relation, allowing to define optimality for MOPs. A solution x is said to dominate another solution x , denoted as x x , if and only if, ∀i ∈ {1, . . . , k}, Z i (x) ≥ Z i (x ) and Z(x) = Z(x ). A feasible solution x * ∈ Ω is called a Pareto optimal solution, if and only if, ∃y ∈ Ω such that Z(y) Z(x * ). The set of all Pareto optimal solutions is called the Pareto-optimal set (PS); moreover:
The evaluation of PS in the objective space is called the Pareto front (PF):
From a MOEA point of view, Pareto-optimal solutions can be seen as those solutions within the genotype search space, whose corresponding phenotype objective vector components cannot be all simultaneously improved [2] .
Ideal vector. The ideal vector contains the optimum for each separately considered objective function, all constituing the same vector in the objective space (usually R n ) [2] . In other words, let x (i) 0 ∈ Ω be a given vector of decision variables which maximizes the i th objective function Z i . Meaning that the vector x (i) 0 verifies the following equality [2] :
We denote by Z i 0 the optimum evaluation of the i th objective function Z i (x (i) 0 ), and by the vector Z 0 = (Z 1 0 , Z 2 0 , . . . , Z k 0 ) the ideal vector for a MOP [2] . The ideal vector is usually used in some methods as a reference point.
Multiobjective multidimensional Knapsack Problem. The Multiobjective multidimensional Knapsack Problem (MOMKP) is a widely studied combinatorial optimization problem. Furthermore, the MOMKP is the multidimensional version of the multiobjective Knapsack Problem (MOKP) [3] , which is proven to be N P−hard [15] , besides, it is known for the fact that the size of the Pareto optimal solutions set can grow exponentially with the number of items in the knapsack [20] . Despite its simple Formulation, MOKP can be applied for modeling many real problems such as budget allocation and resource allocation [5] . Therefore, its resolution has both theoretical and practical character that draws researchers attention. MOMKP is a particular case of multiobjective linear integer programming (MOILP) [3] . Mathematically, MOMKP can be stated as follows: given n items having p characteristics w i j , j ∈ {1, . . . , n} (weight, volume, etc.), and k profits c i j , j ∈ {1, . . . , n}, we want to select items as to maximize the k profits, while not exceeding the p knapsack capacities W i [3] .
where n is the number of item, x j denotes the j th binary decision variable, k represents the number of objectives, Z i stands for the i th objective function.
The multiobjective Knapsack Problem (MOKP) and its variants have been subject to many studies, addressing new approaches and analysis of either exact or heuristic resolution methods. Namely, Zitzler and Thiele [16] pioneered the work on the multidimensional variant of the MOPK using evolutionary algorithms, where they introduced also a set of MOMKP instances that are widely used afterwards. Many other research works are dedicated to different variants of the MOKP (see for example [17] , [18] , [19] , [20] , [24] , [27] ). However, the existing heuristic approaches are not restricted to evolutionary algorithms, one may find for instance: indictor based ACO [21] , parallel multi-population algorithm using local search [22] , iterated local search based on quality indicators [23] , tabu search [25] , and swarm intelligence [5] . The interested reader may find a detailed discussion of resolution approaches of the MOKP and its variants in [3] . Due to the popularity and simplicity of the MOKP, and the fact that MOEAs are known to perform at their best against problems with string structures; we have chosen the MOMKP as test problem for the assessment of the suggested approach. Furthermore, we used the MOMKP known benchmark instances itroduced by Zitzler and al. in [16] (also referred to ZMPK instances in [3] ).
Parallel multiobjective evolutionary algorithms (pMOEAs)
In this section we present a brief sweep over the common theoretical aspects of parallelization models and taxonomy that are used in (MO)EA. MOEAs are the most commonly considered metaheuristics for parallelization. That is when dealing with populations of individuals, parallelism arises naturally (i.e., each individual can be considered as an independent unit) [13] . As a natural extension, the parallelization of MOEAs are derived from models designed for single-objective optimization [12] : master/worker, island, and diffusion models. Furthermore, there exists many criteria that provides the theoretical description of a given parallelization. In a recent publication, T. El-Ghazali has given a taxonomy for pMOEAs, where it describes a unified view over pMOEAs [1] .
However, in this work we adopt a master/worker or global parallelization paradigm. Where a processor serves as master, which usually preforms tasks that require a global outlook over the target problem (search space, objective functions, etc.), as it is the case for selection operator in MOPs. Furthermore, the master supervises multiple processors called workers, by distributing workload (i.e., tasks, subproblems) to the workers to process (i.e., execute, solve). Moreover, for the design of pMOEA there are also three major hierarchical models that can be identified [1] : algorithmic-level, iteration-level, solution-level. This classification is done according to their dependency on the target MOPs, behavior, granularity, and aim of parallelization. Note that each paradigm can be implemented in either a synchronized or asynchronized way [14] . A further particularity in designing a pMOEA is to specify whether the whole Pareto front is distributed among each parallel search algorithm, or it is a centralized element of the parallel scheme. This leads also to another classification criterion of pMOEAs, where these two strategies are called: distributed and centralized approaches [1] , [13] . Accordingly, the suggested parallel algorithm is designed in a master/worker paradigm with full independence from the target multiobjective problem. Besides it works in an algorithmiclevel parallelization, where we use multiple asynchronous search algorithms working on subpopulations in parallel (intra-algorithm parallelization); each one is assigned a region of the objective space to work on. Furthermore, the suggested search strategy uses a centralized Pareto front handled by the master. This Pareto front is built by combining multiple distributed Pareto fronts where "local" non-dominated solutions are archived. Then, this latter is advisedly partitioned and distributed again to workers/search algorithms as to proceed "local" search.
Parallel Criterion-based Partitioning MOEA (PCPMOEA)
In this section, we describe the general functioning of the suggested parallel scheme, and the search strategy. The idea is to launch multiple asynchronous MOEAs with different populations, where each MOEA is dedicated to a given criterion. While the search entities (MOEAs) are supervised by a global processing element, in order to adjust and redirect the search process in real time. In summary, The suggested pMOEA can be classified as a cooperative algorithmic level parallel model designed in a master/worker paradigm, handling:
• Workers (search entities) consisting of criterion-based MOEAs: multiple MOEAs with criterionbased selection.
• Master entity where its main mission is to update the current population of each search entities (workers). That is, by preforming a global selection among elite individuals produced by the workers, and then advisedly partitions and redistributes the selected individuals to search entities.
Information exchange Figure 1 . Schematic of the adopted parallel model.
In other words, each M OEA i , i = 1, . . . , k, represents a criterion based search entity, dedicated to the i th objective function. The master node accomplishes (periodically) the following tasks: performs global selection among the potentially efficient solutions produced by the search entities, and then updates the current population in each MOEA (see Figure 1 ). In the rest of this section, we will present a detailed description of the suggested pMOEA.
4.1. M OEA i (criterion-based MOEA). We want to design a MOEA that aims to minimize the distance between the current Pareto front and the ideal point. That is by focusing each MOEA on a single objective, while retaining its multiobjective character. The suggested MOEA is characterized by a secondary population and its criterion-based selection mechanism. Many MOEAs involve an additional population in the search process, as to store potentially efficient solutions found through the generational process. This approach has proven to be effective in finding good approximations of the optimal Pareto front (see for example: PAES [32] , SPEA [16] , SPEA2 [7] , MOMGA [33] , MOMGA-II [34] ). This secondary population is often called archive or external archive [2] . In this algorithm, like most of MOEAs, we follow the pattern of initializing a population of individuals, then executing a generational loop with evolutionary operators, fitness assignment, ranking individuals, and then storing non-dominated solutions in an archive. Furthermore, the archive size is not limited, while the number of dominated individuals is fixed beforehand. However, the archive is updated periodically by the master entity as to keep it enclosed and dedicated to its allocated search space. The following algorithm resumes the adopted MOEA, we call it M OEA i referring to the i th objective function Z i :
Generate the initial population P i ; repeat Evaluate the individuals in P i ; Apply selection operator (see Figure 2 ); Select parents form P i and perform evolutionary operations; if (Migration condition is satisfied) then Send the current archived solutions to master; Update archive (see Section 4.2); endif until (Termination condition met)
End
Selection mechanism. The most commonly employed selection operators are based on dominance relation, where they assign a fitness value (order/rank) for each individual in the population according to different properties based on the dominance relation, mainly: dominance rank, dominance count, and dominance depth [2] . The common point among these operators is that they can preserve Pareto solutions throughout the generational process. Furthermore, the current non-dominated solutions will iteratively approach the true Pareto front of the target problem. On the other hand, there are also criterion based selection operators that differ from the above mentioned ones, where it basically uses each of the objective functions periodically to select the solutions that pass to the next generation. In other words, preponderance is given to one of the objectives in each iteration of the algorithm, a classic example of criterion based techniques is VEGA [8] . In this work, we use both dominance based and criterion based selection techniques, where we extract and archive the non-dominated individuals, and then we assign fitness values to the rest of individuals according to their fitness in the i th criterion environment (only the i th objective function is considered, see Figure 2 ). This will keep the search process of each M OEA i focused on the i th criterion, while storing the non-dominated solutions met throughout the search process. Hence, the M OEA i 's population will incrementally adapt to the i th criterion environment.
For the selection operator of each M OEA i , the order relation is defined as to give preponderance to the i th objective function, while retaining non-dominated solutions to be archived. The order relation is defined as follows. Let P S t be the set of Pareto solutions obtained at iteration t,
Moreover, the number of dominated solution maintained for the next generation is determined by the population size N . More precisely, the parameter N denotes the size of dominated individuals set, which are to be retained. Hence, a dominated solution is retained only if its Figure 2 . Schematic of the selection mechanism (iteration t).
rank according to the i th criterion is less than N , while the archive size is dynamic. The process of selecting individuals that pass to the next generation is given explicitly as follows: let P S t ⊂ P t , the set of current non-dominated individuals in P t , P S t = {x ∈ P t | ∃y ∈ P t : y x}. The population of the next generation P t+1 is constructed as follows:
In terms of complexity, the selection operator can be resumed in two major tasks: extracting non-dominated solutions running in O k|P t | 2 , and sorting dominated ones, which runs in the very worst case in O (|P t | log(|P t |)). Hence, the run-time of the selection procedure for each M OEA i is dominated by the process of extracting non-dominated solutions. Furthermore, the worst case complexity of the selection operator is O k|P t | 2 ) .
Master entity (global selection and partitionning technique).
The master entity preforms a periodical collection of the current archives from the criterion based MOEAs, in order to extract from them current global Pareto solutions; then partitions these potentially efficient solutions into k subsets, where k is the number of objective functions. The obtained subsets are used to update archives (current non-dominated solutions) of each search entity M OEA i (dedicated to the i th objective). The main goad of the partition procedure is the keep each worker focused on a given area, by adjusting periodically elite solutions of search entities according to the topology of the current Pareto front. In other words, it helps intensifying the search in each area assigned to parallel MOEAs. The partitioning procedure basically uses the statistical quantile of a given order α [10] . Let X a discrete random variable, a value x α is called a quantile of order α, 0 < α < 1, if:
If we project this concept on the distribution of Pareto solutions in the objective space, the quantile of order α can be defined as the evaluation of the individual which divides the Pareto front into two parts such that: α proportion of the total number of individuals in the Pareto front are less than or equal to this quantile, and (1 − α) proportion of the total number of individuals in the current Pareto front P F t (iteration t) are greater than this quantile. Furthermore, let p α ∈ P S t a non-dominated individual, Z i (p α ) ∈ P F t is said to be the Pareto front's quantile of order α according to the i th objective function, if:
Hence, for a given α, we can construct for each objective function Z i , i ∈ {1, . . . , k}, a partition {P S t \P i , P i } using p α , the quantile of order α, such that:
However, for a problem with k objective functions, the set of non-dominated solutions is partitioned into k subsets {P i } 1≤i≤k using the partitioning procedure (see Algorithm 2), where P S t = ∪ 1≤i≤k P i , and each pair of the {P i } 1≤i≤k shares a subset of solution F . The size of F is determined by the parameter α, for example |F | = (1 − 2α)|P S t | for bi-objective problems.
Algorithm 2 Partitioning procedure
Requires: Set of non-dominated solutions P , and α ∈ ]0, 0.5]. Ensures: k subsets {P i } 1≤i≤k of a given set P .
For each objective Z i do P ← sort(P, Z i , ↑);
Send P i to worker M OEA i ; // update M OEA i archive.
End
Since the partitioning procedure is invoked periodically throughout the search process, and also needs to take all objective functions into consideration, it is imperative that the chosen partitioning procedure runs in a reasonable time. Hence, we employed the concept of quantiles as to efficiently construct an adequate partition of the current non-dominated individuals recovered by the master. Whilst the partitioning is accomplished according to the distribution of nondominated solutions in the decision space. In other words, all the objective functions are taken into consideration by the partitioning procedure. The run-time of the partitioning procedure is O (k|P | log(|P |)). The following algorithm resumes the functioning of the master entity.
Algorithm 3 Master process

Repeat if (Migration condition is satisfied) then
Collect current archives P i from M OEA i , i = 1, . . . , k, P = P ∪ (∪ i P i );
Remove dominated solutions from P ; Preform partitioning procedure, (P 1 , . . . , P k ) ← P artition(P, α); // P 1 , . . . , P k are sent to M OEA 1 , . . . , M OEA k , respectively. endif until (Termination condition met) Figure 3 presents an example of the partitioning procedure applied to a bi-objective Knapsack instance: 2KP100-50 [9] , showing the obtained Pareto front at iteration 10 3 , partitioned using α = 0.25. Here the shared solutions (i.e., contained in the gray area) are enclosed in the interquartile range (IQR) of the Pareto solutions. Furthermore, IQR is represents here 50% of the current non-dominated solutions that are shared among search entities. Figure 3 . Illustrative example of the partitioning procedure.
Experimental studies
We tested the sugessted algorithm on benchmark instances of MOMKP chosen from the instance libraries: Zitzler and al. [16] , of which we consider for this experiments six instances with the number of items 250, 500, and 750, with two and three objectives. The parallelization of the suggested algorithm is implemented via multi-threading under JAVA SE platform. The tests was carried out on a personal computer equipped with an Intel ® Core TM i7-5600U CPU, 2.60GHz with 8GBs of RAM. We compared the performance of the PCPMOEA with four multiobjective algorithms with different concepts and/or different search strategies:
• NSGAII [6] : An elitist non-dominated sorting genetic algorithm, a multiobjective genetic algorithm using dominance depth, and crowding distance for selection operator and search guidance.
• SPEA2 [7] : Strength Pareto evolutionary algorithm, a MOEA with an external archive using dominance rank, and a nearest neighbor density estimation technique.
• MOEA/D [41] : Multiobjective evolutionary algorithm based on decomposition, essentially, it decomposes an MOP into a number of scalar optimization subproblems and optimizes them simultaneously.
• MOFPA [5] : Multiobjective Firefly algorithm with Particle swarm optimization, a hybrid swarm intelligence discrete algorithm, employing cooperation of two intelligent swarm algorithms: Firefly Algorithm, and Particle swarm optimization.
In order to evaluate and compare the quality of solutions (convergence, and the spread) evoloved using these algorithms, we used four performance metrics: Inverted Generational Distance (IGD) [42] , Hypervolume [43] , the Spacing metric [40] , and the set coverage metric [43] . As we mentioned, one of the aims of the suggested algorithm is to minimize the distance between the potentially efficient solutions and the ideal point. Therefore, we used a modified version of the GD metric as to measure this distance.
Performance evaluation metrics.
Hypervolume [43] . One of the most popular indicators for multiobjective optimization algorithms is the hypervolume . The hypervolume indicator measures the volume of the k-dimensional space dominated by a set of points A (in the objectives space). The aim of this indicator is to measure both the convergence to the true Pareto front and diversity of the obtained Pareto fronts. The calculation of this volume requires the designation of a reference point Z ref , which is dominated by all the points of the set A. Consequently, a set with a larger hypervolume is likely to present a better set of trade-offs than sets with lower hypervolume. The reference point considered to compute the hypervolume is the null vector (origin point, Z ref = {0} k , where k is the number of objective functions).
Inverted generational distance (IGD) [39] . The IGD metric is an inverted version of the GD (generational distance metric) used to measure convergence. This metric evaluates the average distance between the approximated set A and a reference set PF (true Pareto front). In other words, the IGD measures the proximity between the obtained potentially efficient solutions and the true Pareto front in the objective space.
where, d s is the Euclidean distance in the objective space between the solution s ∈ P F and the nearest solution in A.
Ideal distance (ID). As to evaluate the distance between the obtained potentially efficient solutions and the ideal vector, we used a modified version the GD metric, we refer to it as the ideal distance (ID). Here, we compute the average distance between the approximated set A and the ideal vector Z 0 . Similar to the GD metric, the ID is calculated as follows:
Spacing metric (SP) [40] . This metric evaluates the spread of a given set of non-dominated solutions, say A, using its distribution in the objective space. This is, by computing the standard deviation in the distances between consecutive pairs of solutions.
where, d s represents the distance between the solution s and the closest neighboring solution in the objective space.
andd denotes the average of the distances d s , ∀s ∈ A. However, a set A with a good spacing metric does not necessarily mean a good distribution of solutions compared to the entire Pareto optimal front [44] .
Set coverage metric [43] . This metric is used for comparing two potentially efficient solutions sets, say A and B. This is, by calculating the proportion of solutions in the set B that are weakly dominated by solutions in the first set A. C(A, B) = |{b ∈ B|∃a ∈ A : a b}| |B| · Note that C(A, B) and C(B, A) are not necessarily equal, hence, both must be calculated in order to compare the approximations A and B.
Experimental results and comments.
In the rest of this section we will present the experimental results obtained for the following algorithms: PCPMOEA, NSGAII, SPEA2, MOEA/D, and MOFPA. Furthermore, for each algorithm we used fifteen potentially efficient solutions (15 runs for each instance). The aim of these experimentations is to compare the suggested algorithm (PCPMOEA) with a set of efficient algorithms that uses different approaches of selection mechanisms and search strategies. The parameters we used for each algorithm are chosen according to the origin papers, and for the PCPMOEA the parameters are fixed as follows: population size N = 150, partitioning parameter α = 0.25 for 2 objectives, N = 250, α = 0.3 for 3 objectives, with different values for the period. Crossover probability: 0.8, mutation probability: 0.1.
As to illustrate the obtained results used for comparison, we qualitatively show in Figures 4-8 some of the obtained results, where each figure shows Pareto fronts obtained for each instance using the above mentioned algorithms. As to maintain the clarity of the three dimensional illustrations, we have chosen to show only the most competitive Pareto fronts, which lead us to the Pareto fronts evolved using PCPMOEA and MOFPA. Table 1 resumes the obtained results regarding the Hypervolume indicator. The aim of this experimentation is to evaluate and compare the quality of the suggested algorithm with the above mentioned algorithms. The obtained results show that the PCPMOEA algorithm achieves a good quality of solutions, especially, when compared to the NSGAII, SPEA2, and MOEA/D. The PCPMOEA demonstrates to have a better Hypervolume with a significant difference. However, MOFPA appears to be the most competitive to the PCPMOEA, namely, for the instance with three objectives and 750 items (3.750). In order to assess the convergence of the obtained Pareto fronts towards the true Pareto front, we computed the IGD metric values for all fifteen runs of each algorithm. The obtained results are resumed in Table 2 . From Table 2 it is obvious that the obtained average (and median) values of IGD for each instance using PCPMOEA are better than those obtained by the other four algorithms. Accordingly, the PCPMOEA has converged better towards the true Pareto front compared to other tested algorithms. These results can be also confirmed qualitatively by observing Figures 4-8 Table 3 summarizes the results regarding the spacing metric values, obtained for all five algorithms using all fifteen runs for each algorithm. The aim of this experimentation is to compare the diversity (i.e., the distribution uniformity) of the produced Pareto fronts. The results show that all of the competing algorithms can produce Pareto fronts with a good spacing. However, the Pareto fronts evolved by the proposed algorithm have shown to be the most uniformly distributed for almost all the tested instances. Namely for the following instances: 2.500, 2.750, 3.250, 3.500, and 3.750. Consequently, we can say that the diversity of Pareto fronts evolved by PCPMOEA are at least comparable to those of the other algorithms. Aspiring to achieve a good convergence towards the true Pareto front, the suggested algorithm operates with multiple MOEAs, within each one, a selection operator is designed to take into consideration one sole criterion through the search process. This is, as we mentioned above, to minimize the distance between the current Pareto front and the ideal point. However, as to evaluate this distance we defined a modified version of the GD metric, called the ideal distance (ID). As to confirm and support the accuracy of the obtained results regarding the comparison of the convergence and diversity of Pareto fronts, we computed the coverage of each pair of Pareto fronts: (PCPMOEA, and a competing algorithm), produced by all 15 runs of each algorithm. Table 5 shows the obtained mean coverage values for each pair adduced as follows: the symboles and refer to C(PCPMOEA, Algorithm) and C(Algorithm, PCPMOEA) respectively. The results show that PCPMOEA produces a better quality of Pareto fronts when compared to NSGAII, SPEA2, MOEA/D. However, MOFPA is shown to be the most competitive to the suggested algorithm, especially for instances: 2.750, 3.250, 3.500, 3.750, although, the suggested algorithm maintained to be dominant over MOFPA, scoring an overall mean coverage values of 52.7% for PCPMOEA against 25.9% for MOFPA. As it is mentioned earlier, in order to visually compare the quality of non-dominated solutions obtained using the five algorithms: NSGAII, SPEA2, MOEA/D, MOFPA, and PCPMOEA. The obtained Pareto fronts for the 6 tested instances are shown in Figures 4-8 . From these observations we can confirm the test results regarding the convergence and the spread of the Pareto fronts evolved using PCPMOEA, which can be seen for instances 2.500, 2.750, 2.250, 3.500. It also confirms the fact that MOFPA is the most competitive to the suggested algorithm. Furthermore, we can also observe especially in Figure 8 (instance 3.750) , that the suggested algorithm tends to neglect some subspaces with only two conflicting criteria. This is because the chosen selection mechanisms for PCPMOEA tends to handle either one (for each parallel MOEA) or all objective functions combined using dominance relation (for each parallel MOEA, and for the master's selection operator). 
Conclusion
In this paper we presented a parallel multiobjective evolutionary algorithm applied to the multidimensional multiobjective Knapsack Problem (MOMKP), called Parallel Criterion-based Partitioning multiobjective evolutionary algorithm (PCPMOEA). The suggested algorithm is designed in a master/worker paradigm, handling multiple MOEAs with criterion-based selection operator. An experimental study has been carried out, where we compared the suggested algorithm, using five metrics, against four algorithms that are reputed in literature: NSGAII, SPEA2, MOEA/D, and MOFPA. Furthermore, the testes were achieved using six instances of the well-known multiobjective multidimensional Knapsack Problem, with two and three objective functions and between 250 and 500 items. The suggested algorithm has shown conclusive results regarding the standard goals of heuristic multiobjective optimization (convergence and diversity), which encourages to attempt other applications for the suggested algorithm. However, the proposed algorithm has also shown some drawbacks for large instances with three objectives. Furthermore, a brief explanation were given as we seek for possible improvements, which opens several directions to investigate as perspectives on short term future work.
